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Abstract 
The U.S. Department of Energy’s (DOE) SunShot goal seeks to reduce the levelized cost of energy (LCOE) for solar energy 
technologies to $0.06/kWh.  A number of cost and technical performance targets for various concentrating solar power (CSP) 
components have been issued by the DOE to meet the SunShot goals for CSP.  This paper presents probabilistic analyses of the 
LCOE for a 100 MWe power tower system with inherent cost and performance uncertainties.  Previous results show that while 
CSP systems are likely to meet the cost target necessary to compete broadly in U.S. markets, there is a very low probability of 
reaching an LCOE of $0.06/kWh if parameter uncertainty distributions are used that range from current cost and performance 
values to the current DOE targets.  This work investigates additional parameter distributions using new cost and technical targets 
to determine performance and cost scenarios for power tower systems that yield finite probabilities of achieving $0.06/kWh.  
Starting with the “baseline” uncertainty distributions, the minimum (or maximum) value for each uncertain parameter was 
“improved” by ~50% and ~75%.  Results show that the probability of achieving an LCOE of $0.06/kWh increases to 15% and 
46%, respectively, with these new cost and technical targets. 
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1. Introduction 
In March 2010, the U.S. Department of Energy (DOE) hosted a power tower roadmap meeting attended by 
members of industry, national laboratories, and government [1]. The meeting resulted in a list of technology 
improvement opportunities that were to serve as a guide to reduce the levelized cost of energy (LCOE) produced by 
power tower electricity plants. In early 2011, the DOE announced the aggressive SunShot Initiative which seeks to 
drive the cost of solar technologies to a level where they are broadly competitive, without federal incentives, 
throughout the U.S. energy market. The target LCOE is $0.06/kWh by 2020. The SunShot Vision Study released in 
early 2012 provides specific subsystem cost and performance targets that would allow CSP systems to meet the cost 
target [2]. In that study, a deterministic approach was used to derive the LCOE results that met the SunShot objective 
based on cost and performance targets for specific subsystem components.  
In this work, we performed a stochastic analysis of a 100 MWe power tower system with 16 hours of thermal 
storage to assess the probability of meeting the SunShot LCOE objective based on the specified performance and 
cost targets. System performance, cost, and finance parameters were treated as random variables distributed between 
current-day values and the SunShot deterministic values, sampled using Latin Hypercube Sampling (LHS) 
methodology [3-5], and input into an annual performance model built in the System Advisor Model (SAM) [6, 7]. 
From this model, plant LCOE distributions were assessed to determine the probability of SunShot cost goals being 
met. A stepwise linear regression model is used in all design cases to quantify the effect each input has on LCOE 
magnitude and uncertainty [8].  This work builds on the probabilistic modeling performed by Mehos et al. [9] by 
extending the range of performance and cost parameters to yield a finite probability of reaching $0.06/kWh. 
2. Methodology 
2.1. Modeling approaches 
Models of the performance and economics of solar power plants have historically implemented deterministic 
methods. Input parameters are typically entered as specific values rather than probability density functions that 
model the inherent uncertainty in many of the system features, parameters, and processes. As a result, the 
confidence of the deterministic result and uncertainty associated with the results are undetermined. This study uses a 
probabilistic method to quantify the impact of system uncertainties on the simulated performance metrics. The 
confidence and likelihood of the simulated metric (e.g., LCOE) being above or below a particular value or within a 
given range can be readily assessed and presented using these probabilistic methods. In addition, sensitivity analyses 
can be used with probabilistic analyses to rank and quantify the most important components, features, and/or 
processes that impact the simulated performance. This information can be used to guide and prioritize future 
research and characterization activities that are most important to the relevant performance metrics. 
Probabilistic modeling for system analysis consists of three primary steps: (1) creating uncertainty distributions 
for stochastic parameters and sampling the distributions n times, (2) running the deterministic performance and/or 
cost models n times using the sampled variables, and (3) evaluating the distribution of n results to quantify 
uncertainty and sensitivity. Screening analyses are first conducted to determine a subset of input parameters that are 
to be assigned uncertainty distributions as opposed to deterministic point values. Uncertainty distributions of various 
types (e.g., uniform, triangular, normal) can be generated using actual data, literature values, or professional 
judgment. Monte Carlo or Latin Hypercube Sampling (LHS) methods can be implemented in the model to generate 
many different (but equally probable) realizations of the system performance, but random (Monte Carlo) sampling is 
prone to clustering with insufficient observations and requires many more realizations than LHS. LHS is a stratified 
sampling method that reduces the number of necessary realizations by systematically ensuring that values are 
sampled from across the entire parameter distribution. Prescribed correlations between input parameters are also 
allowed. LHS software has been developed at Sandia National Laboratories [5], and the code has been implemented 
in the System Advisor Model [7], which was used for this study. 
A regression analysis can be performed subsequently to the uncertainty analysis to determine the input 
parameters that are most correlated to the simulated performance metric. Multiple regression analysis involves 
construction of a linear regression model of the simulated output (the dependent variable) and the stochastic input 
variables (independent variables) using a least-squares procedure. Stepwise linear (rank) regression is a modified 
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version of multiple regression that selectively adds input parameters to the regression model in successive steps. In 
this method, a sequence of regression models is constructed that successively adds the most important input 
parameters to the regression to improve the overall correlation. In the end, the sensitivity analysis identifies those 
parameters that are significantly correlated to the performance metric, and omits those parameters that are not.  
2.2. Probabilistic modeling using SAM 
The System Advisor Model (SAM) provides the user a streamlined environment for performing uncertainty 
analysis on various system and financial input parameters using the above methodology. Given a set of input 
variables and appropriate uncertainty distributions for each, SAM can be used to automatically configure and run the 
integrated LHS software developed to obtain a set of input vectors for each variable. The LHS algorithm ensures 
that the samples are taken across each input’s distribution to avoid clustering, thereby reducing the number of runs 
required. SAM simulates each run, selecting the uncertain variables from the distributions in the sampled input 
vectors, and automatically creates histograms and estimated cumulative distribution function (CDF) plots of the 
results. 
This workflow is suitable for most uncertainty modeling situations in SAM, and is fully accessible to the user via 
an intuitive graphical user interface (Figure 1). Modeling tasks involving more complex uncertainty distributions 
and correlations can be implemented in SAM using the SAM User Language, or SamUL. SamUL is analogous to 
the Visual Basic for Applications (VBA) language that enables script-based automation of Microsoft Excel, and is 
tightly integrated into the user interface and simulation engine for situations that require finer control of the 
simulation process. SamUL provides maximum flexibility in configuring custom simulations and tasks by exposing 
the core SAM simulator and LHS functionality via scripting language function calls. Stepwise regression analysis is 
also available through SamUL. Results from stepwise regression include the standardized rank regression coefficient 
(β) and ΔR2, the change in the coefficient of determination when a new independent variable is added to the model. 
The standardized rank regression coefficient provides an indication of which parameters are most important in the 
rank regression model. The sign of the standardized rank regression coefficient also gives the direction of the 
correlation (positive or negative). The ΔR2 gives the percentage of the variability in the output that is explained by 
each input variable. 
 
Figure 1. Screen image of the statistical interface in SAM. Samples from multiple uncertainty distributions can be created using Latin Hypercube 
Sampling with prescribed correlations. 
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3. Definition of variables and probability distribution functions 
Current, mid-term, and long-term technology scenarios were used to determine the range of cost and 
performance values used for this analysis. The Sandia Power Tower Technology Roadmap and Cost Reduction Plan 
[1] was used to define the current and mid-term cost and performance values based on a 100 MWe molten salt tower 
integrated with a superheated steam Rankine cycle. The SunShot Vision Study was used to define the future cost 
and performance values identified within that study that met the SunShot cost target. 
Uncertain cost, performance, and financial variables, together with the associated probability density functions 
(PDFs) and necessary correlations, are shown in Table 1. All independent variables with uncertainty were assigned 
uniform probability distributions with the “worst-case values” (from the perspective of LCOE impact) being 
assigned current-day values and the “best-case values” being assigned SunShot target values. The uniform 
distribution is defined by a constant probability density throughout the range of interest. This distribution is used 
when the minimum and maximum values of a variable are reasonably known, but there is insufficient justification 
for assigning increased probability to any particular value. Triangular distributions were considered for some 
variables to investigate the sensitivity of the results to the distribution type [9]. However, results from the triangular 
distributions were similar to the results from the uniform distributions, so uniform distributions were adopted for all 
variables. 
Table 1. Uncertain parameters and distributions used in SAM probabilistic simulations. 
Variable Min Value Max Value Distribution 
Inflation Rate (%) 2.5 3 Uniform 
Loan Interest Rate (%/year) 6 8 Uniform 
Loan Term (years) 15 25 Uniform 
Minimum Required Internal Rate of 
Return (%) 10 15 Uniform 
Real Discount Rate (%) 5 8.2 Uniform 
Fixed O&M Cost ($/kW-yr) 40 65 Uniform 
Heliostat Field Cost ($/m2) 75 200 Uniform 
Power Block Cost ($/MWe) 1160 1540 Uniform 
Receiver Reference Cost ($) 1.11E+08 1.56E+08 Uniform 
Site Improvements Cost ($/m2) 10 20 Uniform 
Storage Cost ($/kWht) 15 30 Uniform 
Plant Availability (%) 90 96 Uniform 
Power Block Heat Transfer Fluid 
(HTF) Inlet Temp. (°C) 574 850 
Correlated to Receiver Outlet 
Temperature 
Power Block Rated Cycle Conversion 
Efficiency (%) 41.6 56.0 
Correlated to Receiver Outlet 
Temperature 
Receiver Coating Absorptance 0.9 1 Uniform 
Receiver Coating Emittance f(T)* 1 Uniform 
Receiver Heat Loss Factor 0.6 1 Uniform 
Receiver HTF Outlet Temp. (°C) 574 850 Uniform 
Solar Field Heliostat Image Error (rad) 0.001 0.003 Uniform 
Solar Field Heliostat Mirror 
Reflectance and Soiling 0.85 0.97 Uniform 
*While a uniform distribution was assumed, the lower value for the distribution was derived based on the minimum theoretical emissivity 
calculated from a convolution of the standard ASTM G173-03 DNI solar spectrum with the blackbody emissive power at the receiver outlet 
temperature.  Minimum emissivity = 4x10-7(T2) + 6x10-5(T) - 0.0538, where T is the temperature in °C. 
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4. Results 
4.1  Probabilistic analysis 
Prior to assessing the probabilistic outcomes, a sensitivity analyses was performed to determine the number of 
realizations required to yield a cumulative distribution function (CDF) of the LCOE that did not change with 
increasing numbers of realizations. Simulations were performed using 500, 800, 1000, and 1,100 realizations. 
Beyond 800 realizations, there was no appreciable difference in the resulting CDF for the entire range of the 
distribution. Therefore, for all subsequent simulations, 800 realizations were used. 
The resulting probability and cumulative distribution functions of LCOE for this system are shown in Figure 2. 
The figure shows that there is 50% probability of achieving an LCOE of approximately $0.10/kWh and a 25% 
probability of achieving an LCOE of $0.09/kWh. Furthermore, the figure indicates zero probability of meeting the 
SunShot target of $0.06/kWh, which should not be surprising since the range of values used for this analysis was 
bounded by the SunShot deterministic analysis values. However, Mehos et al. [9] demonstrated that a comparison of 
results against California’s current market price referent indicates a 25% probability of meeting a competitive bid 
price assuming the use of the permanent 10% federal investment tax credit. 
 
 
Figure 2.  PDF and CDF of LCOE based on variable distributions described in Table 1. 
 
Figure 3 shows the results of a stepwise rank regression analysis of the 800 realizations used to derive Figure 2 
above. This analysis shows that cost, performance, and finance variables are all significant in terms of impacting the 
magnitude of the simulated LCOE.  The most significant cost factors, ranked in order of decreasing importance, 
include the heliostat field, storage system, power block, receiver, and O&M costs. The most significant performance 
factors include the heliostat image error, mirror reflectance and soiling, plant availability, receiver absorptivity, 
receiver emissivity, and receiver heat loss.  Important financial parameters include the loan term, minimum rate of 
return, and loan rate.
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Figure 3. Sensitivity analysis of input variables on system LCOE using standardized rank regression coefficient (β).  The sign (positive or 
negative) indicates a positive or negative correlation between the input variable and the LCOE. 
 
Figure 4 shows the impact of each input parameter on the variability or spread of the simulated LCOE.  The 
incremental coefficient of determination indicates the percentage of the simulated variability in the LCOE that can 
be explained by each input variable.  Results show that uncertainty in the heliostat field cost, power cycle efficiency, 
loan term, minimum rate of return, and heliostat image error are the most significant contributors to the uncertainty 
in the simulated LCOE. 
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Figure 4.  Impact of each input variables on the variability in the simulated LCOE using the incremental coefficient of determination ('R2). 
4.2  Beyond SunShot 
Additional scenarios were investigated to achieve a finite probability of reaching the SunShot LCOE goal of 
$0.06/kWh.  The SunShot cost and performance targets that were used as the “best value” (either the minimum or 
maximum) in the uniform distributions in Table 1 were “improved” using two scenarios.  Scenarios 1 and 2 included 
hypothetical improvements to the SunShot baseline targets by ~50% and ~75%, respectively (see Table 2).  For 
example, in scenarios 1 and 2, the minimum heliostat cost was reduced from $75/m2 to $38/m2 and $19/m2, 
respectively, and the maximum solar field heliostat image error was reduced from 0.003 rad to 0.002 rad and 0.0015 
rad, respectively. The other parameter values were not altered from their initial assumed values. 
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Table 2.  Uncertainty values used in improved scenarios beyond SunShot targets. 
Variable Baseline SunShot Target Value Improvement Scenario 1 Improvement Scenario 2 
Minimum Fixed O&M Cost 
($/kW-yr) 40 20 10 
Minimum Heliostat Field Cost 
($/m2) 75 38 19 
Minimum Power Block Cost 
($/MWe) 
1160 580 290 
Minimum Receiver Reference 
Cost ($) 1.11E+08 5.55E+07 2.78E+07 
Minimum Site Improvements 
Cost ($/m2) 10 5 2.5 
Minimum Storage Cost ($/kWht) 15 7.5 3.8 
Maximum Plant Availability (%) 96 98 99 
Maximum Power Block Rated 
Cycle Conversion Efficiency (%) 56 63 67 
Maximum Receiver Coating 
Emittance 1.0 0.7 0.5 
Maximum Receiver Coating 
Absorptance 0.9 0.95 0.97 
Minimum Receiver Heat Loss 
Factor 0.6 0.4 0.3 
Maximum Solar Field Heliostat 
Image Error (rad) 0.003 0.002 0.0015 
Minimum Solar Field Heliostat 
Mirror Reflectance and Soiling 0.85 0.91 0.94 
 
 
Results of these additional scenarios show that the probability of achieving $0.06/kWh increases to 15% and 46% 
for scenarios 1 and 2, respectively (Figure 5).  While these cost and performance scenarios to achieve finite 
probabilities of reaching the SunShot goal are not unique, the scenarios examined demonstrate the extremely 
aggressive targets that are required to have a reasonable likelihood of reaching $0.06/kWh assuming a uniform 
probability between current-day values and future targets.  As cost and technology improvements are made, the 
corresponding bounds on the current-day values can be adjusted to re-evaluate the likelihood of achieving SunShot 
goals in the future. 
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Figure 5.  Cumulative distribution functions of simulated LCOE using different cost and performance targets in the parameter uncertainty 
distributions. 
5. Conclusions 
While a deterministic analysis is useful for deriving a system LCOE based on specific subsystem cost and 
performance objectives, such an analysis does not address the probability of meeting a desired result. Using the 
SunShot subsystem cost and performance targets established for CSP systems and assuming no incentives are 
applied to further reduce the price of the system, our results indicate a 50% probability of achieving an LCOE of 
10 ¢/kWh. A comparison of results against California’s current market price referent indicates a 25% probability of 
meeting a competitive bid price assuming the use of the permanent 10% federal solar investment tax credit [9]. 
Additional scenarios were considered using parameter distributions for cost and technical targets that go beyond 
those prescribed by DOE’s SunShot Vision Study [2] to determine performance and cost scenarios for power tower 
systems that yield finite probabilities of achieving $0.06/kWh.  Starting with the “baseline” uncertainty 
distributions, the minimum (or maximum) value for each uncertain parameter was “improved” by ~50% and ~75%.  
Results show that the probability of achieving $0.06/kWh increases to 15% and 46%, respectively, with these new 
cost and technical targets.  Significant cost and performance factors that impacted the simulated LCOE were the 
heliostat field cost, power cycle efficiency, heliostat image error, storage cost, power block costing, mirror 
reflectance and soiling, plant availability (reliability), receiver absorptivity, receiver cost, receiver emissivity, O&M 
cost, and receiver heat loss. This analysis looks at the probability of achieving the SunShot LCOE target based on 
improvements in system performance and cost. No assessment is offered to the technological advances required or 
likelihood of achieving the subsystem goals represented in the assumed probability density functions. 
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